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Malic Acid

1

Alcohol and Malic Acid content of the wine dataset
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RandomForestClassifier (bootstrap=True, class weight=None, criterion='gini',
max depth=2, max features='auto', max leaf nodes=None,
min impurity decrease=0.0, min impurity split=None,
min samples leaf=1, min samples split=2,
min weight fraction leaf=0.0, n estimators=10, n jobs=1,

oob score=False, random state=0, verbose=0, warm start=False)
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https://github.com/EpistasisLab/tpot
https://github.com/automl/auto-sklearn
https://www.cs.ubc.ca/labs/beta/Projects/autoweka/
https://github.com/ClimbsRocks/machineJS
https://www.datarobot.com/
https://github.com/ClimbsRocks/auto_ml
https://cloud.google.com/automl/
http://autokeras.com/
http://docs.h2o.ai/h2o/latest-stable/h2o-docs/automl.html



https://github.com/EpistasisLab/tpot



https://github.com/automl/auto-sklearn
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Source: http://www.genetic-programming.org/gpbook4toc.html
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source: https://advancedoptimizationatharvard.wordpress.com/2014/04/28/bayesian-optimization-part-ii/






https://github.com/EpistasisLab/tpot

from tpot import TPOTClassifier, TPOTRegressor

tpot = TPOTClassifier ()
tpot.fit (X train, y train)

predictions = tpot.predict (X test)

tpot = TPOTRegressor ()
tpot.fit (X train, y train)

predictions = tpot.predict (X test)



TPOTClassifier ( config dict = {

'sklearn.ensemble.RandomForestClassifier' : {
'n _estimators' : [100],
'criterion': ["gini", "entropy"],
'max_ features' : np.arange(0.05, 1.01, 0.05),
'min_samples split' : range (2, 21),
'min samples leaf' : range (1, 21),
'bootstrap' : [True, False]

by

'sklearn.feature selection.RFE' : {

'step': np.arange(0.05, 1.01, 0.05),
'estimator' : {
'sklearn.ensemble.ExtraTreesClassifier’
'n estimators' : [100],

'criterion': ['gini', 'entropy']l,

'max features' : np.arange(0.05, 1.01,

}

)

0.05)





https://github.com/automl/auto-sklearn

AutoML)
system

Bayesian optimizer

{XtrainaYtraim I data pre- feature classifier | > Y,
Xtes £ b’ c} processor preprocessor it

Source: http://papers.nips.cc/paper/5872-efficient-and-robust-automated-machine-learning.pdf



import autosklearn.classification

import autosklearn.regression

automl = autosklearn.classification.AutoSklearnClassifier ()
automl.fit (X train, y train)

predictions = automl.predict (X test)

automl = autosklearn.regression.AutoSklearnRegressor ()
automl.fit (X train, y train)

predictions = automl.predict (X test)
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Olive ol full detaset...



Olive ol full detaset...



Benchmarking Automatic Machine
Learning Frameworks

Adithya Balaji, Alexander Allen
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https://arxiv.org/abs/1808.06492
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Raw Per Model Regression Comparison (MSE)
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https://medium.com/airbnb-engineering/automated-machine-learning-a-paradigm-shift-that-accelerates-data-scientist-productivity-airbnb-f1f8a10d61f8
https://medium.com/airbnb-engineering/automated-machine-learning-a-paradigm-shift-that-accelerates-data-scientist-productivity-airbnb-f1f8a10d61f8

Auitlomeiied Machine Learning



Progress isn‘t made by early risers. It’s
made by lazy people trying to fnd
easier ways to do sonething,.

= [Robert A. Helnleln
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https://www.hueltes.com/automl

